RESEARCH
A major goal of the Canal Point (CP) sugarcane cultivar development program is to develop high-yielding cultivars with disease resistance and tolerance to abiotic stresses for organic (muck) and sand soils (Glaz and Kang, 2008) . Edmé et al. (2005) analyzed sugarcane yield components for a 33-yr period in south Florida and found that approximately 69% of the gain in sugar yield in the region was from genetic improvements attributable to the CP sugarcane cultivar development program. The CP program consists of six stages, namely Crossing and Seedling and Stages I, II, III, and IV (Zhao et al., 2012) . It takes at least 8 yr to release a sugarcane cultivar from the time a cross is made (Tai and Miller, 1989) . Cane tonnage and sucrose content are the two major components of sucrose yield in sugarcane. Cane tonnage depends on the number of stalks per unit area and mean stalk weight at harvest time. Recoverable sucrose content is usually calculated by applying measurements of stalk fi ber content and juice Brix and Pol to a formula reported by Legendre (1992) . However, for early selection stages of sugarcane, such as the fi rst clonal stage (Stage I with approximately 15,000 genotypes) of
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ABSTRACT
Leaf refl ectance has been used to estimate crop leaf chemical and physiological characteristics. Sugarcane (Saccharum spp.) leaf N, C, and chlorophyll levels are important traits for high yields and perhaps useful for genotype evaluation. The objectives of this study were to identify sugarcane genotypic variation in leaf hyperspectral refl ectance, leaf chemical (chlorophyll, N, and C), and yield (juice sucrose content, commercial recoverable sucrose [CRS] , cane yield in tonnes of cane per hectare [TCH] , and sucrose yield in tonnes of sucrose per hectare [TSH] ) traits and to determine relationships between leaf refl ectance and these chemical and yield traits. In Stage II of the Canal Point, FL, sugarcane cultivar development program, we measured spectral refl ectance and chemical traits on three leaves of the top visible dewlap from each of 87 genotypes in December 2008 and 208 and 124 genotypes in May, July, September, and October 2009 and 2010, respectively. Yield traits were determined on mature plants. Genotypic variation of leaf refl ectance mainly occurred in 540 to 1200 nm. Leaf relative chlorophyll, N, C, and C to N ratio varied among genotypes and during the growing season. Highly signifi cant calibrations were developed for leaf chemical traits using leaf refl ectance (P < 0.0001). Correlations of juice sucrose, CRS, TCH, and TSH with leaf refl ectance were poor. Measurement of leaf refl ectance is a promising tool for estimating leaf chemical traits but not for predicting yield traits across a large number of diverse genotypes in early selection stages of a sugarcane breeding program.
the CP program, with large numbers of genotypes, often sucrose content is not directly measured or is estimated by measuring Brix only (Gravois and Milligan, 1992; Albertson and Grof, 2004; Zhao et al., 2012) . These yield parameters may be associated directly and/or indirectly with leaf physiological and biochemical characteristics, such as leaf N and C contents, leaf C to N ratio, and leaf chlorophyll levels and leaf spectral refl ectance features. Laboratory measurements of leaf N and chlorophyll contents and stalk sucrose contents would be labor intensive and time consuming for the fi rst three selection stages in the CP program, which range in numbers of genotypes from 100,000 (Seedling stage) to 1500 (Stage II) (Zhao et al., 2012) . Yield traits made in the early and intermediate stages of the CP program provide a useful predictor of the likely genotype performance. Glynn et al. (2009) compared cane yield, sucrose content, sucrose yield, and economic index measured in Stage II and for the same genotypes in Stage III of the CP program. Correlations were greatest for sucrose content followed by cane yield and economic index and sucrose yield. Therefore, development of methodologies that rapidly and accurately estimate these characteristics using nondestructive measurements may improve sugarcane genotype selection effi ciency in a breeding program.
Numerous studies have reported that applications of leaf or canopy refl ectance data have successfully monitored plant growth, physiological, and biochemical traits (Chappelle et al., 1992; Curran et al., 1992; Penuelas and Filella, 1998; Daughtry et al., 2000; Zhao et al., 2005a Zhao et al., , 2005b ; nutrient status and environmental stress responses (Chappelle et al., 1992; Filella et al., 1995; Carter and Estep, 2002; Zhao et al., 2005a) ; and biomass and/or yields in many fi eld crops (Ma et al., 2001; Babar et al., 2006a Babar et al., , 2006b Starks et al., 2006; Prasad et al., 2007; Zhao et al., 2007) . However, studies on estimation of sugarcane variables using leaf spectral refl ectance are limited. In the visible (400-700 nm) and nearinfrared (NIR) (700-2500 nm) wavelengths, leaf refl ection is primarily infl uenced by leaf chlorophyll content, leaf chemical properties, leaf morphology, and leaf cell structure (Campbell, 1996; Penuelas and Filella, 1998) . Therefore, variation in leaf N, chlorophyll, and other properties among sugarcane genotypes would be expected to aff ect leaf refl ectance measurements in the visible and NIR regions. Apan et al. (2004) reported that development of canopy refl ectance data acquired by the Earth Observing-1 (EO-1) Hyperion hyperspectral imagery could detect sugarcane orange rust disease caused by Puccinia kuehnii in Australia. In Brazil, Galvao et al. (2005 Galvao et al. ( , 2006 used EO-1 Hyperion data to discriminate sugarcane genotypes. Recently, Abdel-Rahman et al. (2010) found that sugarcane leaf N concentration could be predicted using leaf spectral ratios, but they only used one sugarcane cultivar and sampled leaves at one growth stage (i.e., 6-7 mo old plants). Leaf refl ectance models of sugarcane leaf chemical traits based on a wide range of genotypes and across growth stages should be more robust in comparison to results obtained from one cultivar and a single growth stage. Johnson et al. (2008) investigated hyperspectral refl ectance from 350 to 850 nm and measured pigment contents of sugarcane leaves. They reported that leaf refl ectance could be a potential tool in the identifi cation and delineation of commercial sugarcane cultivars as well as for Saccharum offi cinarum L. and Saccharum spontaneum L. genotypes often used for breeding sugarcane. Johnson et al. (2008) also found that sugarcane leaf refl ectance measurements at 560 and 700 nm and reciprocal refl ectance at 700 and 710 nm provided the best discrimination among genotypes (76% of accuracy with a single wavelength) while vegetation indices based on multiple wavelengths improved the discrimination accuracy (86%). Johnson et al. (2006) also suggested that future remote and nondestructive uses of leaf refl ectance measurements in sugarcane might include prediction of disease incidence, genotype identifi cation, and estimation of sucrose content. These refl ectance related studies in sugarcane primarily focused on classifi cation or discrimination but not on quantitative equation development. Robust leaf and/or canopy refl ectance equations are needed for rapid prediction of physiological variables, stalk sucrose content, cane tonnage, and sugar yield. Also, eff ects of sugarcane growth stage on equation development for these parameters are not known. Therefore, determination of optimum sugarcane growth stage, at which leaf refl ectance measurements have the greatest relationships with the leaf chemical and yield traits, is also important.
There are approximately 15,000 and 1500 genotypes planted annually in Stages I and II, respectively, of the CP sugarcane development program (Zhao et al., 2012) . A large amount of resources would be required to evaluate these high numbers of genotypes for leaf chemical and yield traits in the breeding program. Determination of leaf hyperspectral refl ectance using current remote sensing technologies is a promising alternative approach for nondestructive and fast evaluation of a large number of genotypes in the sugarcane breeding. Johnson and Richard (2011) reported that sucrose content of sugarcane stalks grown in Louisiana can be well predicted using leaf refl ectance. We hypothesized that leaf hyperspectral refl ectance measurements would be useful for sugarcane genotype evaluation in early clonal stages of the CP program. It would substantially improve selection effi ciency if leaf refl ectance measurements could predict sugarcane physiological, growth, and yield traits. A study was conducted in the second clonal selection stage (Stage II) of the Florida's cooperative sugarcane cultivar development program at the USDA-ARS Sugarcane Field Station (26.91° N, 80.61° W), Canal Point, FL. This research proposed to clarify if leaf spectral measurements could be useful for improving genotype selection in the CP program. The specifi c objectives were to (i) identify sugarcane genotypic variation in leaf spectral refl ectance,
Yield Traits
Yield components, including in tonnes of cane per hectare (TCH), stalk juice sucrose content, CRS, and sucrose yield in tonnes of sucrose per hectare (TSH), were estimated by counting stalks in each plot and using 10-stalk samples to determine mean stalk weight and to estimate CRS and in conjunction with the stalk counts to estimate cane and sucrose yields per hectare (i.e., TCH and TSH). The number of stalks in all plots was counted in late August for all genotypes tested. Ten stalks in each plot were randomly harvested in October to get mean stalk weight according to methods of Glaz and Kang (2008) . These stalks were then milled to measure juice Brix and Pol (Legendre, 1992) . Cane yield (TCH) was calculated as the product of mean stalk weight (kilograms per stalk) by stalk number (stalks per hectare)/1000. After recording the weight of each 10-stalk sample, it was milled to extract juice and determine theoretical recoverable sucrose (TRS), which was calculated using a formula as described by Legendre (1992) . Fiber in this formula was standardized at 10% for all genotypes in this study. All values of TRS were multiplied by 0.86 to approximate CRS according to Glaz et al. (2009) who reported this conversion factor based on a large number of samples from the Florida sugarcane industry and the CP research. Similarly, Legendre (1992) reported the calculation of liquidation factors from 0.83 to 0.90 that were used by commercial mills in Louisiana to convert TRS to CRS. Sucrose yield (TSH) was calculated by (TCH × CRS)/1000.
Calibration Equation Development
Leaf chemical composition (SPAD, N and C contents, and C to N ratio), yield components ( juice sucrose, TCH, CRS, and TSH), and leaf refl ectance data were randomly assigned into two groups (i.e., two independent datasets with equal numbers of genotypes). The trailing dataset was used to develop leaf refl ectance models for prediction of leaf chemical and yield traits using the methods of maximum r 2 improvement (MAXR) regression (Zhao et al., 2007) and partial least-square (PLS) regression (Starks and Brown, 2010) under PROC REG and PROC PLS, respectively, in SAS statistical software (SAS Institute, 2007) . The second dataset was used for model validations. All the leaf chemical traits at each of four measurement dates in a growing season and yield traits at crop maturity in the validation dataset were estimated based on the respective refl ectance values using the developed PLS regression models.
To determine which growth stage was the most appropriate time for collection of leaf refl ectance data for predicting these leaf chemical and yield traits, coeffi cients of correlation between the measured and predicted values of these traits were calculated for each refl ectance measurement date. In the 2009 and 2010 growing seasons, data were pooled across measurement dates. The PLS models were also developed using the combined training dataset, and the models were validated using the combined validation dataset to further investigate model robustness by plotting measured against predicted values in the season. Data were also combined across years and analyzed as a unit using the similar methods to determine if the multiyear data combination could provide more robust models. leaf chemical traits (chlorophyll levels and leaf N and C contents) during the growing season, and fi nal yield traits (sucrose content, commercial recoverable sucrose [CRS] , cane yield, and sucrose yield) and (ii) develop leaf spectral refl ectance equations for rapid prediction of sugarcane leaf N and chlorophyll levels, stalk sucrose content, and yield potential across a large number of genotypes. The leaf samples were collected between 0900 and 1100 h Eastern Daylight Saving Time on all sampling dates. Three outermost fully developed sections (35-cm long each) of the leaves were detached from the leaf blades of each genotype and immediately sealed in marked 10 by 13 inch (25.4 by 33 cm) Minigrip Zip-Pak Reclosable Bags (An ITW Company), stored in a cooler, and transported to a laboratory at CP where leaf relative chlorophyll and spectra were measured within 2 h of leaf collection. Leaf spectral refl ectance was measured by attaching a SmartProbe Analyzer to a near-infrared refl ectance spectrophotometer (NIRS) with spectra ranging from 400 to 2500 nm (Model 6500, Foss NIRSystems, Inc.). The instrument gave leaf spectral absorbance (A) at wavelengths of every 2 nm. A white panel was used as a reference for calibration of the instrument before leaf spectral measurements. Leaf hyperspectral refl ectance values were obtained by dividing one by absorbance (1/A). We are more interested in leaf refl ectance than absorbance because the fi eld applications of remote sensing usually provide refl ectance data. Therefore, all spectral refl ectance values and analyses were conducted using leaf absorbance as the source data. Jangpromma et al. (2010) noted a strong relationship between sugarcane leaf chlorophyll content and SPAD readings. Therefore, we measured relative chlorophyll level using a Minolta SPAD-502 chlorophyll meter (Minolta Co., LTD.). All measurements of spectra and SPAD were taken on the adaxial leaf surface away from the midrib. After measurements of leaf spectra and relative chlorophyll levels, leaf blades were separated from the midribs, dried in an oven at 60°C, and ground to pass a 2-mm screen in a Wiley mill (Arthur H. Thomas Co.) for measurements of leaf blade N and C contents and C to N ratio using a VarioMax CNS Macro Elemental Analyzer (Elementar Americas Inc.). DW, and the C to N ratio ranged from 18.9 to 39.3 among the 87 tested sugarcane genotypes (Table 1) . Of these leaf chemical traits, relative chlorophyll level (CV = 15.8%) had the greatest and C (CV = 1.7%) had the least variation. During the sugarcane growth periods of late May through early September in 2009 and 2010, averaged across genotypes, leaf relative chlorophyll levels had little change and then declined before maturity in late October. Leaf N content declined slightly while leaf C content increased as plant growth progressed, resulting in a rapid increase in leaf C to N ratio (Table 2) . Overall, results of leaf N contents in the present study were higher than those reported by Abdel-Rahman et al. (2010) , probably because our study was conducted on an organic soil high in N. The ranges of leaf SPAD readings in the present study were similar to previous reports in sugarcane (Wiedenfeld, 1997; Silva et al., 2007; Jangpromma et al., 2010) . Similar to results in 2008, leaf relative chlorophyll had the greatest and C content had the least variation among genotypes at all measurement dates in 2009 and 2010 (Table 2) . Averaged across the four measurement dates and 2 yr, the CVs of relative chlorophyll level, N and C contents, and C to N ratios were 10.5, 7.4, 1.6, and 7.6%, respectively. The wide ranges of leaf relative chlorophyll, N, and C:N (Tables 1 and 2 ) among genotypes suggest that the relationships between these leaf chemical parameters and leaf spectral refl ectance can be determined.
MATERIALS AND METHODS

Leaf Refl ectance and Chemical Traits
RESULTS AND DISSCUSSION Leaf Chemical Composition
Yield Components
Sucrose contents of stalk juice in the 3-yr dataset ranged from 9.1 to 19.6% among genotypes with CVs of 8.0 to 11.4%. Values of CRS across genotypes ranged from 55.7 to 134.2 g kg (Table 3) . Greater variation in TCH than in CRS among genotypes agreed with a report in early clonal selection by Zhao et al. (2012) who found that sugarcane vigor rating (an indicator of cane yield potential) had much higher variation compared with juice Brix (an indicator of sucrose content) among genotypes. Again, the wide range of sucrose and cane yields among genotypes was an important part of the process for developing calibrations of these yield traits with leaf hyperspectral refl ectance.
Variation in Leaf Refl ectance across Genotypes and at Different Growth Stages
Patterns of leaf hyperspectral refl ectance (Fig. 1A ) across wavelengths were similar to those in other crops (Zhao et al., 2005a (Zhao et al., , 2005b Schlemmer et al., 2005) . At harvest (early December) in 2008, leaf refl ectance at wavelengths of 550 and 710 nm had the greatest variation among the 87 genotypes with CVs of 9.8 and 10.6%, respectively (Fig.  1B) . These two wavebands are mainly associated with leaf chlorophyll levels and sensitive to N application (Carter and Spiering, 2002; Zhao et al., 2005a Zhao et al., , 2005b . The sugarcane genotypic variation in leaf refl ectance was relatively low in the 400 to 500 and 1500 to 2500 nm wavelength ranges.
Leaf hyperspectral refl ectance values within each of the four sampling dates were averaged across genotypes in 2009 and 2010 to determine eff ects of sampling dates on leaf spectra (Fig. 2A) . Overall, changes in leaf refl ectance across sampling dates were relatively smaller compared with refl ectance variation among genotypes within a sampling date (data not shown). Similar to results in 2008, two peaks of CVs in leaf refl ectance among genotypes were found at wavelengths of 550 and 710 nm at all sampling dates in 2009 and 2010 (Fig. 2B) . In addition to the peaks at these two wavelengths, the greatest CVs of leaf refl ectance among the tested genotypes were also detected in the 800-to 1400-nm wavelength range in July 2009 and in September and October in both 2009 and 2010 (Fig. 2B) .
Leaf Refl ectance Model Development
Based on multiple linear regression analyses using MAXR, the r 2 values of the relationships of sugarcane leaf chemical and yield traits with leaf refl ectance values increased as the number of wavebands increased in the models (Fig. 3) . Leaf refl ectance values in the fi rst three to fi ve selected wavebands had the highest correlations with leaf relative chlorophyll levels and N contents. For instance, when wavebands in the model increased from one to fi ve, the r 2 values increased from 0.40 to 0.78 for chlorophyll level, from 0.33 to 0.61 for leaf N content, from 0.12 to 0.46 for leaf C content, and from approximately (Fig. 3) . The r 2 values continued increasing considerably with increases up to 10 wavebands for most of the leaf chemical and yield traits except for leaf relative chlorophyll level. Earlier studies suggested that leaf chlorophyll and/or leaf N contents could be well predicted using leaf refl ectance values in a few wavebands or refl ectance ratios in two wavebands (Chappelle et al., 1992; Daughtry et al., 2000; Carter and Spiering, 2002; Zhao et al., 2005a Zhao et al., , 2005b ; however, PLS regression has been reported as the preferred approach for analysis of hyperspectral data because it minimizes the eff ect of autocorrelation among wavelengths in close proximity to each other (Lindberg et al., 1983; Starks and Brown, 2010) . Based on these previous reports, we agreed that PLS regression was probably the best approach for developing refl ectance models to assess these leaf-and yield-traits for sugarcane genotypic evaluation. Leaf refl ectance, leaf chemical trait, and yield trait data in the training dataset were used to develop the datespecifi c, by-year (within a year across dates), and across-year refl ectance models for each trait using PLS regression (data not shown). The by-year PLS regression coeffi cients for each wavelength used in the PLS equations for leaf SPAD readings, N and C contents, and C to N ratio in 2009 and 2010 are shown in Fig. 4 . For leaf SPAD readings, it was observed that the PLS regression coeffi cients having the largest weights mainly occurred in the 408 to 424, 538 to 558, and 718 to 734 nm regions (Fig. 4A) . The 420 nm wavelength is near the chlorophyll a absorption feature (Curran, 1989) , and the 700 to 720 nm region is located in the red edge (Filella and Penuelas, 1994; Zhao et al., 2005a Zhao et al., , 2005b , which is responsive to N and protein. For leaf N content, the heaviest weighted PLS regression coeffi cients occurred in the 1300 to 1330, 1490 to 1540, and 2010 to 2048 nm regions in addition to the three SPAD waveband regions described above (Fig. 4B) . Starks and Brown (2010) also showed that the 390 to 420 and 700 to 720 nm regions had the greatest weights for forage N content. Our results indicated that in addition to visible and red edge regions, refl ectance in the near-infrared region of 1300 to 2100 nm had important weights for sugarcane leaf N content prediction. For leaf C content, the heaviest weighted PLS regression coeffi cients were in the 640 to 690, 1302 to 1334, 1908 to 1938, 2012 to 2040, 2114 to 2144, and 2250 to 2276 nm regions, but the absolute values of the regression coeffi cients in 2010 were much smaller than those in 2009 in most of these regions (Fig. 4C) . For leaf C to N ratios, the distribution patterns of the PLS regression coeffi cients across wavelengths were similar to those of leaf N content (Fig. 4D) . The PLS regression equations of leaf refl ectance and their regression coeffi cients for all tested yield traits (i.e., juice sucrose content, CRS, TCH, and TSH) are not discussed herein because they performed poorly (Table 4) .
Leaf Refl ectance Model Validation
Leaf refl ectance, leaf chemical trait, and yield trait data in the validation datasets were further used to test the date-specifi c, by-year, and across-year refl ectance models developed from PLS regression for each trait.
Validation of Date-Specifi c Models
The developed refl ectance models for each specifi c date were then tested to predict leaf chemical and yield traits based on refl ectance of the testing datasets. The predicted values were compared with the measured values by Pearson correlation coeffi cient analyses. Results indicated that the leaf relative chlorophyll levels, N contents and leaf C to N ratios across genotypes were accurately predicted using the developed date-specifi c refl ectance models except for the 25 May 2010 measurement date (Table  4 ). The prediction of leaf C content was relatively poor compared with those of leaf relative chlorophyll and N contents. Abdel-Rahman et al. (2010) suggested that leaf refl ectance ratios around wavelengths of 741 to 743 and 1316 to 1323 nm had potential use in predicting sugarcane leaf N. However, they only used one cultivar and sampled one time during a growing season. Our results confi rmed that sugarcane leaf relative chlorophyll and N contents could be well estimated across a wide range of genotypes and throughout the growing season (Table 4) . This is consistent with early reports in other crops (Carter and Estep, 2002; Zhao et al., 2005a Zhao et al., , 2005b Starks and Brown, 2010) .
In a wide range of wheat (Triticum aestivum L.) genotypes, Babar et al. (2006b) used canopy spectral refl ectance indices to diff erentiate genotypes for biomass production and found that heading and grain fi lling were the best growth stages to measure refl ectance. Recently, Johnson and Richard (2011) used plant-cane and ratoon crops of sugarcane with several cultivars to determine if leaf refl ectance measurements could be used to predict TRS levels (crop maturity) before harvest from September through December in Louisiana. They found that leaf refl ectance was eff ective at predicting TRS in 56 to 79% of the cases when cultivars were combined using resubstitution and in 36 to 54% of the cases using cross validation. When the cultivars were considered separately, the prediction accuracy was much higher (99-100% for resubstitution and 60-100% in cross validation). They concluded that regression analyses between leaf refl ectance values and TRS indicated that simple models of leaf refl ectance could be developed to describe much of the variability in stalk sucrose levels (Johnson and Richard, 2011) . In the present study, the predicted values of all yield traits had weak or no signifi cant correlations with measured results at most leaf refl ectance measurement dates (Table 4 ). An important objective of our study was to determine which growth stage was optimum for measuring leaf refl ectance for prediction of leaf chemical traits and yield potential for large numbers of sugarcane genotypes. Our results suggested that sugarcane leaf chemical traits could be well estimated at all stages of the growing season. However, sugarcane yield traits could not be well estimated and there were no clear patterns to conclude which stage was the best for estimation of yield components using leaf refl ectance measurements (Table 4) .
Validation of By-Year Models
Analyses of the pooled data across sampling dates within a year for the 2009 and 2010 growing seasons indicated that PLS models developed across the measurement dates in a year (Fig. 5) could better estimate leaf relative chlorophyll levels, leaf N and C contents, and leaf C to N ratios than the date-specifi c models (Table 4 ). The r 2 values between measured and predicted leaf relative chlorophyll, N, C, 2 values and the number of wavebands entered into the models during multiple regression development using maximum r 2 improvement (MAXR) for relative chlorophyll (Soil Plant Analysis Development [SPAD] ), N, C, and C to N ratio of top visible dewlap leaves and yield components, including sucrose content, commercial recoverable sucrose (CRS), cane yield in tonnes of cane per hectare (TCH), and sucrose yield in tonnes of sucrose per hectare (TSH), in 2008 (TSH), in , 2009 (TSH), in , and 2010 and C to N ratio for the testing datasets were 0. 543, 0.776, 0.794, and 0.824, respectively, in 2009 and 0.668, 0.803, 0.286, and 0.792, respectively, in 2010 (for all, P < 0.0001; Fig. 5) . In contrast to these leaf chemical traits, the byyear models did not improve estimation of any measured yield components (Fig. 5 ) compared with the date-specifi c models (Table 4) .
Validation of Across-Year Models
Further testing the across-year PLS models developed by pooling data across years and sampling dates for the 2009 and 2010 showed the similar relationships between measured and predicted traits as described in the by-year models (data not shown). The r 2 values between measured and predicted values were 0.601, 0.722, 0.607, and 0.805 (n = 664, all P < 0.0001), respectively, for leaf relative chlorophyll levels, N and C contents, and C to N ratios and were 0.008, 0.278, 0.023, and 0.014, respectively, for sucrose content, CRS, TCH, and TSH.
All results of the date-specifi c, by-year, and acrossyear model approaches indicated that measurements of leaf hyperspectral refl ectance during the growing season do not result in eff ective models for prediction of yield traits across a large number of diverse genotypes in an early selection stage of a sugarcane breeding program. Our results of poor relationships between CRS and leaf hyperspectral refl ectance were in contrast with those of Johnson and Richard (2011) in which sugarcane TRS during maturity was estimated accurately using leaf refl ectance measurements. The diff erences in leaf refl ectance relationships with sucrose contents (TRS or CRS) between the study of Johnson and Richard (2011) and the present study are possibly due to methods of leaf spectral measurements. Johnson and Richard (2011) used a fi ber optic spectrometer to directly measure leaf refl ectance, but we measured leaf absorbance using a near-infrared refl ectance spectrophotometer and converted leaf absorbance data to refl ectance values. Additionally, these contrasting results are probably because Johnson and Richard (2011) used only 8 to 10 commercial cultivars rather than a large number of randomly selected diverse genotypes. Also, they found that their model was more accurate when predictions were made within rather than across cultivars. In the present study, 86 to 208 genotypes were used because our goal was to determine if development of hyperspectral leaf refl ectance models would improve our ability to evaluate large numbers of diverse genotypes in early stages of sugarcane cultivar development programs. Further studies are required to investigate if canopy refl ectance can be used in early selection stages of the CP program for sugarcane genotype evaluation and screening.
CONCLUSIONS
This study demonstrated that sugarcane genotypic variation of leaf hyperspectral refl ectance occurred mostly at wavelengths of 540 to 1200 nm. Diff erences in leaf refl ectance among sugarcane genotypes were much greater than those among sampling dates. Leaf relative chlorophyll levels (SPAD readings), N and C contents, and C to N ratios varied among genotypes and during the growing season. Of these four leaf chemical traits, relative chlorophyll level had the greatest and C had the least variation among genotypes. These leaf chemical traits were accurately estimated during the growing season using models developed by PLS regression with leaf refl ectance (P < 0.0001) across large numbers (87 to 208) of diverse genotypes, sampling dates, and years. The CV for juice sucrose content, CRS, TCH, and TSH among genotypes were 9.6, 11.1, 26.0, and 28.5%, respectively, averaged across years. Correlations of these yield components with leaf refl ectance measurements were poor. Therefore, use of leaf hyperspectral refl ectance measurements during the growing season was not a promising tool for predicting yield traits of a large number of diverse genotypes, typically found in the early stages of sugarcane cultivar development programs. Although no favorable results are found for estimation of sugarcane yield traits using leaf refl ectance in the present study, further studies are needed to evaluate canopy refl ectance relationships with yield traits.
